With the rapid economic development, the transportation sector becomes one of the high-energy-consumption and high-CO 2 -emissions sectors in China. In order to ensure efficient use of energy and to reduce CO 2 pollution, it is important to gain the best performance standards in China's transportation sector. Data envelopment analysis (DEA) has been accepted as a popular tool of efficiency measurement. However, previous studies based on DEA are mainly restricted to the radial expansions of outputs or radial contractions of inputs. In this paper, we present a nonradial DEA model with multidirectional efficiency analysis (MEA) involving undesirable outputs for the measurement of regional energy and environmental efficiency of China's transportation sector during the period 2006-2010. We not only evaluate the energy and environmental efficiency level and trend of China's transportation sector but also investigate the efficiency patterns of 30 regions and three major areas of China. Additionally, we identify the energy saving potential and CO 2 emissions reduction potential for each province and area in China in this study.
Introduction
After the rapid growth of China's economy in the past three decades, the increasing energy consumption, the carbon dioxide (CO 2 ) emissions, and environmental pollution are currently hindering the sustainability of China's economic growth. Since 2007, China has already surpassed the USA and become the world's largest energy consumer and contributor of CO 2 emissions [1] . To address this issue, China's 12th fiveyear plan seeks to establish a "green, low-carbon development concept. " [2] . In 2015, China will increase the proportion of nonfossil fuels in energy generation to 11.4%, reduce energy consumption per unit of gross domestic product (GDP) by 16%, and reduce CO 2 emissions per unit of GDP by 17% from the levels in 2010 [2] .
Recognizing the great significance of reducing energy consumption and CO 2 emissions as well as sustainable development, more and more researchers have focused on evaluating and improving energy utilization and CO 2 emissions efficiency, which is considered as a crucial way to save energy, reduce greenhouse gas emissions, protect environment, and mitigate global climate change [3] [4] [5] [6] [7] [8] . These studies mainly focused on the energy or environmental efficiency of industries such as electricity, iron, and steel. However, few papers have considered the energy and environmental efficiency evaluation of China's transportation sectors.
According to the International Energy Agency (IEA) [9] , we found that transport sector consumed 61.2% of the world's oil and approximately 28% of the total final energy in 2007 and the transport sector had become the world's largest oil consumption sector. According to the International Energy Agency (IEA) [10] , transport sector became the world's second largest greenhouse gas emitting sector which accounted for 22% of the world's CO 2 emissions. Thus, we take for granted that it is worthwhile analyzing the energy and environmental efficiency of transportation sector in the largest polluting country of the world since it provides a lot of information on energy and environmental policy analysis and decision making.
The indexes of energy or environmental performance are constructed in the form of mathematics programming methods such as data envelopment analysis (DEA). As a nonparametric approach to evaluate the relative efficiency of a set of comparable decision making units (DMUs), DEA, which was developed by Charnes et al. [11] , has been widely investigated and popularly applied to many fields, 2 Mathematical Problems in Engineering such as schools, hospital, and banks [12, 13] . Recently, at the macroeconomy level, DEA has been universally used in studying the energy and environmental performance in examining the relative efficiency [14] . For instance, Hu and Wang [15] adopted the traditional Charnes-Cooper-Rhodes (CCR) model to evaluate the total-factor energy efficiency of 29 regions in China during 1995-2002. Zhang et al. [16] analyzed the industrial sectors' ecoefficiency of 30 provinces in China by a DEA model and found that most Chinese regions with higher levels of GDP per capital would have higher ecoefficiency. Yeh et al. [7] incorporated undesirable outputs into calculating the technical efficiency of energy utilization in Chinese mainland and Taiwan during the period of 2002-2007 through employing the traditional Banker-CharnesCooper (BCC) model. Shi et al. [17] used three extended DEA models to investigate the energy and environmental overall technical efficiency, pure technical efficiency, and scale efficiency of industry sectors in 28 regions of China during [2000] [2001] [2002] [2003] [2004] [2005] [2006] , with the undesirable output of industrial waste gas being treated as inputs in energy and environmental efficiency analysis. Bian and Yang [6] presented several DEA models for calculating resource and environmental efficiency and applied their proposed approach in real data set of 30 provinces in China. Wang et al. [18] adopted a traditional DEA to analyze the industrial sectors' energy efficiency in China's 30 provinces during the period of [2005] [2006] [2007] [2008] [2009] . Their study showed that the west area had the greatest amount of energy redundancies in the three major areas. Wang et al. [19] established several efficiency models which were capable of integrating undesirable outputs into efficiency measure framework to evaluate the economic efficiency, CO 2 emissions efficiency, and economic-environmental efficiency of 28 provinces in China from 2001 to 2007. Similar studies also can be found in [5, [20] [21] [22] [23] .
However, most of the previous studies on energy and environmental efficiency mentioned above took advantage of the traditional DEA approach, in which the DMUs under measurement were restricted to the radial constraints on input and output variables. In this study, we take multidirectional efficiency analysis (MEA) instead of the traditional radial DEA approach. MEA selects benchmarks such as the input reductions and the output expansions are proportional to the potential improvements related to each input and output dimension separately. It enables us to have a specific insight of the patterns of efficiencies for each DMU. The traditional MEA approach does not always consider the undesirable outputs. Although Asmild and Matthews [24] and Wang et al. [1] used the approach and took the undesirable outputs as input, it was inappropriate to reflect the actual production process since undesirable outputs were produced as the byproducts of production process rather than the input. Thus we adopt the environmental DEA technology proposed by Fare et al. [25] as the alternative approach to model undesirable outputs. Meanwhile, traditional MEA model presents the fact that the input reductions and output expansions have the same proportion to the potential improvements identified considering the improvement potential related to each input and output variable separately. But it is still treated as a radial measure of efficiency. Since the radial model adjusts all variables to efficient targets by the same proportion, it cannot provide information regarding the efficiency of the specific inputs or outputs involved in the production process [26] . At the same time, radial efficiency measures may neglect the slack variables, leading to efficiency overestimation [27] . As a result, recent studies have tried to use the nonradial DEA model [26, [28] [29] [30] to overcome these problems. So we follow the same pattern and adjust the MEA model to make input reductions and the output expansions nonproportional to the potential improvements related to each input and output dimension separately.
As for the transportation sector, Ramanathan [31] used DEA to measure the energy efficiency of alternative transport modes in India. Tongzon [32] also assessed the efficiency of four Australian and twelve international container ports based on DEA. However, all these studies in the transportation sector did not involve undesirable outputs in estimating efficiency. In order to investigate the levels and the patterns of efficiency in China's transportation sector and provide additional insights into the energy and emissions efficiency of each China's region, hence our study will use the modified MEA model and consider undesirable outputs.
The rest of this paper is organized as follows. Section 2 introduces the environmental production technologies and outlines the methodology of modified MEA model. In Section 3, we show an empirical study of China's 30 regions in transportation sector during 2006-2010 to illustrate our model. Section 4 gives discussions and conclusions.
Methodology

Environmental Production Technology.
Let us consider a production process that consumes a vector of inputs x to obtain a vector of desirable outputs y and a set of undesirable outputs denoted by the vector c. Then a production technology is given by = {(x, y, c) : x can produce (y, c)} .
Following Färe et al. 's [33] approach, we treat by-products as outputs and accept the following three assumptions which are imposed on the production technology.
(1) Strong or free disposability of desirable outputs: it implies that if (x, y, c) ∈ and y * ≤ y, then (x, y * , c) ∈ . This allows for the assumption that if an observed desirable and undesirable output vector are possible, then each output vector with a smaller desirable output is also feasible. It implies that we can always freely dispose of some desirable outputs without undertaking any cost. (2) Weak disposability of undesirable outputs: if (x, y, c) ∈ and 0 ≤ ≤ 1, then (x, y, c) ∈ . This means that the proportional reduction in desirable and undesirable outputs is possible, whereas it may be costly to reduce undesirable outputs and these abatement activities will usually divert resources away from desirable outputs. The assumption is to introduce the idea that it is not feasible to reduce undesirable outputs solely.
(3) Desirable and undesirable outputs being null-joint: if (x, y, c) ∈ and c = 0, then y = 0. This assumption says that it is not technically feasible to produce only desirable outputs in the absence of undesirable outputs. The only way to eliminate all the undesirable outputs is to end the production process.
Once the three assumptions are imposed, is termed as environmental production technology. Suppose there are = 1, 2, . . . decision making units (DMUs) which consume inputs to produce 1 desirable outputs and 2 undesirable outputs. Now we denote x = ( 1 , . . . ) , y = ( 1 , . . .
1
) , and c = ( 1 , . . . ) . as the vector of inputs, desirable outputs, and undesirable outputs of DMU , respectively. In the DEA framework, the environmental production technology can be modeled as
In model (2), ( 1 , 2 , . . . , ) denotes a vector of intensity variables that form linear combinations of observed inputs and outputs with constant returns to scale not imposed by the constraint that ∑ =1 = 1. The inequality on desirable outputs and equality on undesirable outputs help us to impose the strong or free disposability of desirable outputs and weak disposability of undesirable outputs.
Multidirectional Efficiency Analysis (MEA).
Our aim is to gain a deeper insight into the regional energy and environmental efficiency of China's transportation by investigating the situation and analyzing the efficiency patterns in each region and area. More specifically, we measure the comprehensive efficiency incorporating CO 2 emissions and energy efficiency of China's regional transportation sector. In this study, we will use multidirectional efficiency analysis (MEA) instead of the traditional radial DEA approach, which enables us to have a specific view of the patterns of efficiencies.
Multidirectional efficiency analysis was firstly proposed by Bogetoft and Hougaard [34] , further developed by Bogetoft and Hougaard [35] and Asmild and Pastor [36] . Previous studies [24, 37, 38] did not take the undesirable outputs into account by using MEA. In this paper we will make full use of this approach and consider the undesirable outputs simultaneously. It is able to select benchmarks such as the inputs, undesirable outputs reduction, and desirable outputs augmentation, which are not proportional to the actual production, but proportional to the potential improvements related to each input and output variable separately. In addition, since MEA considers the improvement potential in each variable separately, it is very suitable to investigate situations, where the purpose is to reduce the consumptions of some inputs and the emission of some undesirable outputs and to expand the production of some desirable outputs. Furthermore, since efficiency improvements in the present case were derived from a combination of the inputs consumed reduction and the desirable outputs production increment, as well as the undesirable outputs emission abatement, we see it a better way to adopt the MEA approach to achieve the efficiency improvements.
In the general case of considering reductions of all inputs and undesirable outputs simultaneously with augmentations of all of desirable outputs in MEA, we define the unit specific directional distance function on the basis of the unit specific ideal reference point. In order to find the ideal reference point, we firstly solve the following linear programs, one for each of input dimensions, desirable output dimensions, and undesirable output dimensions, respectively: Mathematical Problems in Engineering
By solving the model (3a)-(3c), we are able to determine the ideal reference point ( * , * , * ) for ( , , ), where * denotes the optimal solutions of model (3a)-(3c). With the unit specific ideal point determined, we next consider the following linear programming model (4):
where represents the productive technical inefficiency of DMU 0 and also measures the proportion by which the desirable outputs are added while the undesirable outputs and inputs are contracted in the same proportion. The value of belongs to the interval [0, 1]. If = 0, it means that the evaluated DMU reaches to the frontier of the best practice and is therefore efficient.
From model (4), we find that the inputs and undesirable outputs reduction and desirable outputs expansion have the same proportion to the potential improvements identified considering the improvement potential related to each input and output variable separately. So it may still be treated as a radial measure of efficiency. However, radial efficiency measures overestimate the efficiency when there exist nonzero slacks. Based on this, we will modify model (4) and make the inputs and outputs be adjusted nonproportionally. Next, we will form model (5):
We are able to get an optimal solution by solving model (5). Then we define the relative variable specific MEA efficiency for every variable separately.
For the input variable , we are able to define specific input MEA efficiency as follows:
For the desirable output , we are able to define specific desirable output MEA efficiency as follows:
For the undesirable output , we are able to define specific undesirable output MEA efficiency as follows:
By defining each of MEA efficiencies for every variable, we focus on the pattern of the individual specific variable efficiencies. For instance, we pay attention to the efficiency of energy and environment in China's transportation. Based on the individual variable specific efficiencies, we require a comprehensive measure of efficiency for the measured DMUs. Färe and Knox lovell [39] firstly proposed Russell graph measure which is a comprehensive efficiency measure. This remains as a theoretical contribution and still inspires most of the following comprehensive efficiency measures. For example, many DEA efficiency assessments have been proposed based on the additive model [40] , which detect all the technical inefficiency in all dimensions such that the benchmarks lie on the strong efficiency and do not have any slacks [41] [42] [43] [44] . Now we will use the same comprehensive measure as the SBM model of Tone [44] to combine the inefficiencies in the different dimensions into one overall value. And the overall score of MEA efficiency for the observation of DMU 0 can be defined as follows:
Unlike the original MEA efficiency, the comprehensive measure (9) has the desirable characteristic that the resulting value incorporates all variables.
Empirical Studies
Data and Variables
. This study will examine the energy and environmental efficiency of China's transportation sector of 30 provinces in mainland during the 11th five-year plan period (2006) (2007) (2008) (2009) (2010) . From the perspective of China's development and policy factors, these provinces and autonomous regions are divided into three areas: east, central, and west China [15] . Detailed information is shown in Table 1 . Tibet is excluded since the absence of relevant data in this research. According to China's Statistical Yearbooks, the transportation sector in China is defined as consisting of transport, storage, and post. So we will follow this definition to collect the relevant data. In our study, three inputs, one desirable output, and one undesirable output are considered to measure the energy and environmental efficiency in China's transportation sector. Therefore the labor and capital stocks are used as two nonenergy inputs, the volume of energy consumed in the transportation sector as energy input, a value-added amount in the transportation sector as the only desirable output, and the volume of CO 2 emissions related to fuel used in the sector as undesirable output. Since there is no capital stock statistics data in China, we will use the amount of fixed capital investment to represent capital stock as some authors did [6, 17, 45, 46] . The total energy consumption includes all types of energy, such as coal, oil, natural gas, and electricity. We will convert these energies to the tonne coal equivalent (tce).
The data of nonenergy inputs (labor and the fixed capital investment), energy input, and desirable output (a value- [48] . Unfortunately, there are still no official statistical data on CO 2 emissions in China. Thereby we will estimate the provincial CO 2 emissions in the transportation sector during 2006-2010 based on a fuel-based carbon footprint model, as described by the Intergovernmental Panel on Climate Change Guidelines [49] for National Greenhouse Gas Inventories for calculating CO 2 data. According to these guidelines for estimating CO 2 emissions, the equation for calculating CO 2 emissions from fossil fuels appeared as follows:
From (10), we know that CO 2 emissions are related to the amount of all carbonaceous fuel combusted ( ), the carbon content factor (CCF), the heat equivalent (HE), and the carbon oxidation factor (COF) of carbonaceous fuel. The number (44/12) is the ratio of the molecular weight of CO 2 (44) to the molecular weight of carbon (12), where CCF × HE × COF × (44/12) is the CO 2 emissions factor of a fuel. As long as we know the amount and the CO 2 emissions factor of each fuel, the total CO 2 emissions of each province can be calculated. The amount of consumption of each fuel of each province in the transportation sector is collected from China Energy Statistical Yearbook 2007-2011. The Energy Research Institute (ERI) of National Development and Reform Commission (NDRC) [50] of China reported the CO 2 emissions factor by major type of carbonaceous fuels in China, as is shown in Table 2 . Then we will figure out the total CO 2 emissions based on the formula of IPCC guidelines.
After collecting the related data on the three inputs, one desirable output, and one undesirable output, a data set encompassing 30 provinces during 2006-2010 is prepared for analysis in Table 3 . A correlation matrix of all inputs and outputs is calculated for verifying the relationship between the inputs and outputs variables. Table 4 shows the result that all the correlation coefficients in the table are significantly positive, which indicates that a quite high correlation exists among every variable. Thus, energy and environmental efficiency analysis in this case is feasible.
Efficiency Levels of China's Region in Transportation
Sector. First we use models (5) and (9) to evaluate the comprehensive MEA efficiency score of different provinces in China's transportation sector from 2006 to 2010, and the related result is shown in Table 5 . We find that the average comprehensive MEA efficiencies of about 70% regions are below 0. emission and to increase the value-added amounts in each region. Then the annual average comprehensive MEA efficiency of China and its three major areas during 2006-2010 are calculated and illustrated in Figure 1 . From the angle of area, the regions in east China have the highest average comprehensive MEA efficiency, followed by the regions in central China and then the regions in west China. The average comprehensive MEA efficiency of China and its three major areas basically keep first decreasing and then increasing. Also the average comprehensive MEA efficiencies of east China and central China are generally higher than those of China. And west China's average comprehensive MEA efficiency is evidently lower than the average comprehensive MEA efficiency of China. It reflects the materially unbalanced development in China's transportation sector and the gap between east and west. This result is similar to some studies about China's regional energy efficiency and environmental efficiency.
Efficiency Patterns and Differences of China's Region in
Transportation Sector. The above evaluation results manifest that east China has a higher comprehensive MEA efficiency than central and west China in the transportation sector. However, the comprehensive MEA efficiency just displays the efficiency levels and the change trends of different regions and areas. We are not able to take a thorough understanding of the sources of inefficiency and to detect the patterns of efficiency differences among China's regions and three major areas in transportation sector, which are more attractive to policy makers. Therefore, it is necessary to investigate the efficiencies on individual variables of each DMU. Through the definitions (6)- (8), we calculate the relative variable specific MEA efficiencies, which enable us to survey the patterns of efficiencies in different China's regions and areas. Since this study centers on the energy and environmental efficiency, here we only figure out the energy and CO 2 emissions efficiency using the definitions (6) and (8) separately. Table 6 illustrates the relative variable specific MEA efficiency (i.e., energy and CO 2 emissions efficiency) in each Table 6 , we can detect the reasons of inefficiency in each region, and the decision marker can draw up the relevant policies and measures to improve the relative energy or CO 2 emissions efficiency separately. After we have the relative variable specific MEA efficiency (i.e., energy and CO 2 emissions relative efficiencies), we are able to investigate the efficiency of three major areas during 2006-2010. Figure 2 demonstrates the annual average energy efficiency and CO 2 emissions efficiency for China and its three major areas in the transportation sector. It seems that both the variable specific efficiencies of China and its three major areas overall experienced a process of first decreasing and then increasing over the study period. In Figure 2 , we are able to see that the east area and central area have higher MEA efficiencies than west area on both the two variable specific efficiencies. However, the MEA efficiency difference of energy and CO 2 emissions is mixed between the east China and the central China. We find that the east China performs better than central China on MEA efficiency of CO 2 emissions during 2006-2010. But for MEA efficiency of energy, the east China has lower MEA efficiency score than central China during 2006-2008, and it is just opposite in 2009 and 2010. Therefore it can be concluded that the higher comprehensive MEA efficiency dominance of the east China over the central China and west China results from both the higher energy and CO 2 emissions variable specific efficiency. By applying the MEA approach, we are able to measure the energy and CO 2 emissions variable specific efficiency for each region of China in the transportation sector, and, based on the DEA theory, the inefficient regions can become efficient on each of their input and desirable and undesirable output variable so as to reach the benchmark by adjusting improvement potential associated with each variable. Therefore, in this section, we will further use the MEA approach to survey the energy conservation and CO 2 emissions reduction potential for China's different regions during our study period. From model (5), we know that the potential saving of each input variable is able to be calculated as ( − * ), the target value of each input variables after improvement potential adjustment is − ( − * ), the potential redundancy of CO 2 emissions could be calculated as ( − * ), and the target of CO 2 emissions after improvement potential adjustment is − ( − * ). Table 7 documents the energy conservation potential and CO 2 emissions reduction potential for China's each region in transportation sector during 2006-2010. In Table 7 , we can see that the energy conservation potential and CO 2 emissions reduction potential of each region are great in the transportation sector. For the energy conservation potential, there are ten out of 30 regions: Hebei, Inner Mongolia, Heilongjiang, Shanghai, Jiangsu, Anhui, Fujian, Shandong, Hubei, and Hainan, which do not have the improvement potential of energy for at least 1 year during our study period. But for CO 2 emissions reduction potential, only two regions, namely, Inner Mongolia and Shandong do not have the improvement potential of CO 2 emissions for at least 1 year during our study period. Only Hebei and Shandong have no improvement potential of energy and CO 2 emissions simultaneously except 2010's improvement potential of CO 2 emissions in Shandong.
Efficiency Related Reduction Potentials on Energy and CO 2 Emissions of China's Region in Transportation
From an area perspective, we can further investigate the reduction potentials of energy saving and CO 2 emissions reduction of three major areas from 2006 to 2010, which are illustrated in Figure 3 . In short, as shown in Figure 3 , the total energy conservation potential of China's transportation sector on the whole keeps first increasing and then decreasing beginning from 2009 during the study period. But the total CO 2 emissions reduction potential of China's transportation sector always keeps an increasing trend. In general, east China has the largest energy conservation and CO 2 emissions reduction potentials, and those of west China are the smallest.
For the sake of a detailed description, we will take the relative data in 2010 as an example to analyze the regional energy conservation potential and CO 2 emissions reduction potential in China's transportation sector. As is shown in Table 7 , there are eight regions whose theoretical maximum energy conservation potentials are more than five million TCEs in 2010. In these eight regions, Guangdong has the largest energy conservation potential, followed by Liaoning, Yunnan, Sichuan, Shaanxi, Zhejiang, Beijing, and Guangxi. Furthermore, another ten regions have zero energy conservation potential because they are efficient regions such as Tianjin, Hebei, Inner Mongolia, Heilongjiang, Shanghai, Jiangsu, Fujian, Shandong, Hubei, and Hunan. We see that most of these 10 regions are located in east China and they are all energy specific efficient regions in China. Among the inefficient regions, Guangdong has the largest energy conservation potential, but its energy MEA efficiency was not the lowest. On the contrary, Yunnan, Xinjiang, Shaanxi, Qinghai, Sichuan, Liaoning, Guangxi, Gansu, and Chongqing have lower energy MEA efficiency in 2010. Also we find that these 8 regions are located in west China except Liaoning and Guangxi. The above results point out that these inefficient regions which have a great energy conservation potential and a low energy MEA efficiency should pay more attention to their energy consumption control policy and energy efficiency promotion, so as to increase their energy saving and promote their energy utilization performances and catch up with the high efficiency benchmark regions. Table 7 also illustrates similar assessment results on the potentials of CO 2 emissions reduction for China's regions in transportation sector in 2010. From Table 7 , we see that Guangdong, Shanghai, Liaoning, and Shandong whose potentials of CO 2 emissions reduction are larger than 20 million TCEs rank highly in China in 2010 and Guangdong has the largest potential of CO 2 emissions reduction. But its CO 2 emissions MEA efficiency was not the lowest. On the contrary, Yunnan, Hainan, Xinjiang, Shanghai, Qinghai, and Shaanxi have lower energy MEA efficiency in 2010. Besides, we find that these regions are located in west China except Hainan and Shanghai. The regions with unit CO 2 emissions MEA efficiency and zero CO 2 emissions reduction potentials such as Hebei and Jiangsu are the same as the benchmark regions under energy specific efficiency assessment. The above results show that the regions of greater CO 2 emissions reduction potentials should be given higher priority to CO 2 emissions controls to improve their CO 2 emissions MEA efficiency, reduce CO 2 emissions redundancies, and catch up with the highly performed benchmark regions.
Conclusion
In recent years, an increasing number of studies have applied DEA approach to evaluate energy or environmental efficiency; however, there are rare studies which pay close attention to China's transportation sector. In this study, we propose a combination model of nonradial DEA and MEA, focusing on the measurement of regional energy and environmental efficiency of China's transportation sector during the period 2006-2010. Not only the energy and environmental efficiency levels and trend of China's transportation sector are investigated but also the efficiency patterns of China's 30 regions and three major areas are investigated. In addition, the energy saving potential and CO 2 emissions reduction potential for each province and area in China are identified in this study.
With all the models, we can draw the conclusions as follows. Our empirical study also has some significant policy implications. First of all, the regional imbalances are narrowed in China's transportation sector, so the government should pay greater attention to the central and the west area whose transportation facilities are relatively undeveloped. Secondly, the related policies to encourage public transportation and control individual transportation guide huge energy conservation potential and CO 2 emissions reduction potential in some big cities in east China. Furthermore, we should give impetus to transportation technological innovation and promote vehicle emission standards and explore alternative transport energy which has a great advantage to reduce energy consumption and CO 2 emissions reduction.
This study only compares energy and environmental efficiency of the transportation sector among the Chinese provinces. If the data includes other advanced countries, for instance, OECD countries, it may provide more information on the level of China's transportation sector. Also this research can be combined with Malmquist Productivity Index to investigate the technical efficiency change of China's transportation sectors. All these remain avenues for future research.
